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Abstract — We consider in this paper the decision fusion probeptimized system performance under given resource con-
lem for a wireless sensor network (WSN) operating in a fadirgtraints. This has been investigated both at the fusiorecent
environment. In particular, we develop channel-aware sieti |eye| [6,7] and at the sensor level [8]. Specifically, in [B,7
local sensors may go through multi-hop transmission toheac ,sing a canonical distributed detection system where bi-
fusion center. Each rela_y _node employs a binary r_elay _SChenﬂﬁry decisions from multiple parallel sensors are transmit
whereby the relay output is inferred from the channel imb- ted through fading channels to a fusion center where they

servation received from its source node. This estimatearpide- h bined for final decisi i Th ical
cision is subsequently transmitted to the next node unékithes are then combined for final decision making. The canonica

the fusion center. Under a flat fading channel model, we aeriparallel fusion structure, while theoretically importamd
the optimum fusion rules at the fusion center for the folrgvi analytically tractable, may not reflect the way a real WSN
two cases. In the first case, we assume that the fusion cemser Bperates. In most WSN applications, resource constraints,
knowledge of the fading channel gains at all hops; while ia thespecially the energy constraint in applications invaivin
second case, assuming a Rayleigh fading model, we deriesfusn-situ unattended sensors operating on irreplaceablepow
rules utilizing only the fading channel statistics. We shtbat  supplies, often dictate that transmission range for each se
both optimum decision fusion statistics reduce to respedim- gor node be limited. Therefore, in order to reach a fusion
ple nonlinearities in the low chanrlel S_NR re_gime that areyedas node, a decision made at a local sensing node may need to
implement, Perform.ance e\./al.uat'o.n’ including a study efrt go through multiple hops for minimal energy consumption.
bustness of the fusion statistics with respect to unknowtesy This is true because radio transmission is one of the major
parameters, is conducted through simulations. )

power consumers among all the functions for a sensor node,
Keywords: Wireless sensor networks, decision fusion, data f@nd the fact that the required transmission power is not lin-
sion, fading channels, multi-hop transmission. ear in the distance between the transmitter and the receiver
The objective of this work is, therefore, to extend the chan-
nel aware decision fusion rules developedin [6,7,9] to more
realistic WSN models that involve multi-hop transmissions

Wireless sensor networks have generated an enormous irf-0f Multi-hop transmissions, the relay nodes (intermedi-
terest from researchers in various disciplines in recefe nodes between the sensing node and the fusion node)
years. Distributed sensors with wireless connection allgif€ {0 convey the information received from its source node
joint processing of temporally and spatially distributee | to its destination node. .U_nder an |c_ieal situation, each re-
formation, thus greatly expanding our ability to sense afi@/ Node recovers the original decision correctly and hence
understand the environment and other complex systerﬁk‘?fa‘:t th_at local decmons_undergo muItu_oIe hops does not
This promise has spurred intensive research in various A€ @ny impact on the fusion center design. However, the
eas related to WSN. Current and future applications ranggSUmPption of reliable relaying is overly optimistic infiig
from battlefield surveillance, health care and telemeeicir! th€ limited resources and stringent delay requirement, a

to environmental and habitat monitoring and control [1_5yyell as the potential severity of channel impairments. Thus

A distinct feature of WSN is that wireless communical! this work, we assume a simple memoryless relay scheme

tion networks become an integral component of the Wswhere each relay node decides what to transmit using its

This is especially true for resource constrained WSN whepdh obser\_/atlon. by employ_ln.g a maximum I|kel!hood es-
nate. This estimated decision may be inconsistent with

a divide and conquer approach (i.e., treating communi yn - , . .
tion network as an independent entity) may lead to signﬁafhat was ongmallytransmlttec_i and this ha_s to be taken Into
icantly inferior performance as well as potential waste counlt N thﬁ fusion r(;;leftljetsflgg_. Asshumlng:i thedatl)o_vetrk])_l-
limited resources. The integration of information transmi "2 '€ aydsc_ emre] anda Elida ing Cf anne rlno _eh, n f IS
sion and processing appears to be a promising direction paper we derive the optima ecision fusion a gorithms for

the following two cases. In the first case, we assume that

*corresponding author the fading channel gains for all the hops are available at the

1 Introduction




fusion center and derive the optimal likelihood ratio (LR)he above fusion model, we can obtain the following set
based fusion statistic. In the second case, we relax the oéfive decision fusion rules, depending on the amount of
guirement to knowing only the fading channel statistics hyrior knowledge available [6, 7]. Throughout this paper, we
assuming a Rayleigh fading channel model and derive thee A(*) to denote the fusion statistics for the single hop
corresponding optimal LR fusion rule. We emphasize hetansmission model in order to distinguish from that for the

that the flat fading channel assumption is valid for manyulti-hop systems.

WSN applications where sensors are densely deployed in
an open field that has a very small delay spread. 1.
The LR-based optimal fusion rules obtained for both

cases still require a significant amount of prior informatio
that is either not available or, in some cases, can only be
acquired at a cost level that is not permissible for real WSN
systems. As such, by imposing additional assumptions, we
further reduce the LR-based fusion rules to some simple
nonlinearities in a low SNR regime. The organization of
the paper is as follows. In the next section, we review the
previous work on fusion rule design for a canonical parallel
distributed detection system with single hop transmission
between sensor nodes and the fusion center. In Sec. 3,
we lay out the model for a multi-hop based sensor fusion
network. The case of known fading channel amplitude is
treated in Sec. 4, followed by the case where only the fad-
ing channel statistics are known in Sec. 5. Performance
evaluation is given in Sec. 6 and we conclude in Sec. 7.

2 Review of previous work

Fig. 1. The canonical single-hop fusion model in the pres-
ence of fading channels.

(s) _
Fig. 1 depicts a typical parallel fusion structure where & fla Ay” = Z log <1
fading channel model is assumed between each sensor and

the fusion center. Assume that thé local sensor makes
a binary decisionu;, € {+1,—1}, with false alarm and
detection probabilitie®’, and Py, respectively. That is,
we haveP[uy = 1|Hy] = Py, andPluy, = 1|H;| = Py.
The received signal at the fusion center fromkesensor
is

4,

1)

wherehy, is the channel fading envelope ang is zero-
mean additive Gaussian noise with variance Using

Yr = hpug + ng

Optimal LR-based fusion statistic using complete
prior knowledge

Assuming complete channel knowledge, the optimal
LR-based fusion statistic was derived in [6, 9]

(g —hp)? (gth)?
A(s) _ K Pyre™ Jk202k + (1 — Pdk)e_ Jk202k
1= H _ (wp—hp)? _ (rthe)?
k=1 Pfke 202 + (1 — Pfk)e 252
_ @
wherey = [y1,--,yx]|T is a vector containing obser-

vations received from alll sensors.

LR-based fusion rules using only fading statistics for
Rayleigh fading channel

Implementing the optimal LR test as in (2) requires
that all a priori information, including the instanta-
neous channel gains, is available. Under the Rayleigh
fading model, the LR-based fusion statistic using only
the fading parameter is summarized below [7].

Theorem 1 The LR for decision fusion under the
Rayleigh fading channel model is in the form of Eq.
(3) (at the top of the next page), where- Ze

with 202 being the mean square value of the fading
channelg?2 is the noise variance, an@(-) is the com-
plementary distribution function of a standard Gaus-

sian random variable.

. A two-stage approximation using the Chair-Varshney

fusion rule

A direct alternative to the above LR-based fusion rules
is to consider the information transmission and deci-
sion fusion as a two-stage process — fifgtis used
to infer aboutuy; then, the estimates af;, are em-
ployed in the optimum fusion rule. Given the model
in (1), the maximum likelihood estimate far; is
ar = sign(yx). Applying the fusion rule derived
in [10], herein termed the Chair-Varshney fusion rule,
we obtain the following statistic

(72) @

Tk

Not surprisingly,Ags) can be shown to be mathemat-
ically equivalent to the two LR-based fusion rules in
the large SNR regime (i.ez? — 0) [6, 7].

1 — Py
- P

fk> + Z log

Y <0 Yy >0

Fusion statistic using a maximum ratio combiner
(MRC)

In the low SNR regimef? — oo), we can show that
A(ls) reduces tdA\Ef) = Zle(Pdk — Psr)hiyr. Fur-
ther, if the local sensors are identical, i.8;;, andPy;,



Py, [1 + \/%tyk‘?@@(_ykt)] + (1 — Pa) [1 - \/%tykﬁ’@@(tyk)]
(3

K
AY =T]
k=

1242 1242
1 Pyy, [1 + VQWtykeTkQ(_ykt)] + (1 — Pyz) [1 - VQWtykeTkQ(tyk)]

are the same for aft’s, thenAgs) reduces to a form  Suppose there ar&f; relay nodes corresponding to the
analogous to a maximum ratio combiner. kth local sensor, then the number of hops from A lo-
cal sensor to the fusion centeriid;, + 1. Let ug denote
A) 1 & the original binary decision of the!" local sensor, while
1 TF Z hiyr (5) ub,t = 1,2,..., M}, denote the retrieved decisions corre-
k=1 sponding to the** relay node, wheré is the hop index.
) o ) ] ) Let Py;, and Py, denote the false alarm and detection prob-
5. Fusion statistic using an equal gain combiner (EGC)abiIity for the k" local sensor, i.e P[ul = 1|H,] = Py
At low SNR(@? — o), AL in (3) reduces tdl ) = andP[u = 1|H;] = Py, withk = 1,2, ..., K, where K is

Zszl(Pdk — Py)V/2ntyg. Further, if the local sen- the total number of local sensors. . .
sors are identical, i.e Py, and Py, are the same for For each relay node, we assume a simple binary output
which is the maximum likelihood estimate of the decision

S . . o
sent from its source node. Hence, given that the noise is
Gaussian, we have

all &’s, thenAgs) further reduces to a form analogou
to an equal gain combiner [7].

K
A = 2> i (6) uf = sign(uj "hi t i)
k=1
Let y; denote the input of the fusion center corresponding
. .. . th
3 Multi-hop decision fusion problem to thek™ local sensor, thus,
Consider a decision fusion network with multi-hop trans- yr = uy R e

missions as illustrated in Fig. 2. Each sensing node ob-

serves data generated according to one of the two hypotiereh’ (a non-negative real number) is the corresponding
ses under test, makes a local decision, and transmits thea®nnel envelope andl; is additive Gaussian noise with
cision to a fusion center through several relay nodes. Eaz#ro mean and varianeé.

relay node tries to retrieve the decision sent from its seurc Our goal is to derive fusion rules usigg, k = 1,2, ...K,
node from fading and noise impaired observation and néat provide robust performance and, at the same time, re-
lays it to the next node until it reaches the fusion centejuire as little prior information as possible.

The following assumptions are used in our analysis:

1. Binary transmission problem: all sensors (including Fusion rules with known channel envelope

local sensors and their relay nodes) make a binary de- , _ N
cision which is either-1 or —1. In this section, we proceed with the derivation of the LR as-

suming a known channel envelope. Here “known channel
2. All the channels follow by Rayleigh flat fading withenvelope” refers to the fact that the instantaneous channel
unit mean square value, i.eE[(hi)?] = 1,k = envelopehj,k=1,2,..,K;i=0,1,..., M; are all avail-
1,2,.,K;i=0,1,..., My: able at the fusion center. In Sec. 5, we will consider the
case where only channel fading statistics are available.
3. Noise processes on all the channels are Gaussian with
zero mean and variane€®, and are independent of

) 4.1 The optimum LR-based fusion rule
each other;

4. Phase coherent reception, i.e., the effect of a fadi
channel is simplified as a real scalar multiplicatio
given that the transmitted signal is assumed to be bi-

H@ing the multi-hop fusion model as described in Fig. 2 and
§ c. 3, we can derive the LR at the fusion center.
First we introduce the notion of composite local perfor-

nary; mance indicesP) andP;Z), defined as
5. Relay nodes (_10 not directly observe t_he target. Fur- P;Z) _ P(ullcwk = 1|H;)

ther, if arelay is used by two or more different sensor- (© Iy

to-fusion center paths, it is assumed that the relay pro- Py’ = P(uy" =1/Ho)

cessing is done independently for each path. o )
They are the probabilities of declarird@, at the last relay

With the above assumptions, we can formulate our multithen the true hypothesis i$; and Hy, respectively. This
hop decision fusion network model as follows. is different from local performance indiceB;;, and Pyy,.



Given Pék) andP;k), the LR can be written as high SNR, each relay node tends to make the right decision,
and thus can be ignored in the fusion rule design.

A (y|Hy) Next, we will give the low SNR approximation af; .
! f(y|Ho) First we present the low SNR approximation for the com-
K o) e 1M 2 (wp4nMry2  Posite performance indices.

Ple= ab T 4 (1-PY)e o

(C) e —hpr2 © wutn 2 Lemmal At low SNRPé,‘;) andP}Z) with known channel
k=1 P 207 +(1- Pfk Jem T =t envelope for a multi-hop WSN can be approximated as:
(7
. 1 2Mk71 Mk 1hm
where the assumption of conditional independence of local ~dk ™ 9 ( QWU)MJG
decisions has been employed. | 9Mi- l(HMk 1 B
Using the model specified in Sec. 3, the two parameters p( °) ~ 5 + m &k (2Ps1, — 1) (12)
( ) andP( °) can be derived as follows. First, define (V2mo)

P%k = P kMk:1|U2:17H1)

Due to the limited space, we give the following proposi-

(
My _ 0 _

= Pluy" =Ty =1) tion without proof.

PYt = P =1j} = —1,H)
PluMe — 110 — 1 Proposition 2 In the low SNR case, the LLR with known
- (up " = Lup = —1) channel envelope for a multi-hop WSN can be approxi-
Hence mated as:
K M,
oM +1 kopmY),
. — o kg

P)Ek) = Pfkplk +( _Pfk)ng 9) k=t

M
—2y hp Tk

P}x andP;y* can be recursively determined as in the firsto show this, we note that a8 — oo, e~ -2 — 1
part of Appendix A. Then, based on Egs. (8,9), we caind can be approximated by the first order Taylor series

obtain Péz) and P\Y. Thus the optimum LR test can be 2y iy 24/ h Mk
K VR
constructed accordingly. expansion,i.eg™ - ~1 +—. Based on (7), the

LR is then approximated as, for largé,

4.2 Suboptimum fusion rules with known | o BMK
P()—l—(l—P(C)(l— yk;ka )

channel envelope

K
Al ~ H

14
Implementing the optimum LR-based fusion rule using k=1 Pl 4 (1- P(c)) (1 _ 2yk};kMk> -
as given in Eq. (7) requires complete channel knowledge of tk 7
all the hops and the composite local performance indices. K | _(1_ plo 2y b
To relieve the above requirements, we propose two alter- = H — (- Py o®_ (15)
natives as low and high channel SNR approximations to =11 — (1— pjgz))%’;#

the optimum LR-based fusion rule. Consider the high SNR
case first. Taking logarithm on both sides of (15) and using the fact
Athigh SNR, i.e.g® — 0, itis easy to show tha®\'* ~ thatlog(1 + z) ~ = whenz — 0, we have
1 andPM ~ 0. Thus, based on Egs. (8,9 andP}Z) «
with known channel envelope for a multi-hop WSN can C) 2ykh C) 2ykh
: (© (0 - Ao~ =3 (=P +Z — 2
approximated asP;,’ ~ Py andek ~ Pyj. This leads

to the following result. =
K QM +1 (Hmi hm)
Proposition 1 In the high SNR case, the log likelihood ra- = Y (Pu — Ppx) vn (16)
tio (LLR) with known channel envelope for a multi-hop k=1 (V2ro) "o
WSN can be approximated as the Chair-Varshney fusion . - .
rule: Assuming that all the local performance indices are iden-

tical, and neglecting the constant term that does not affect
- P, P, the detection performance, we can rewrite (13) as follows.
As2logAs = Y log ( d’“) + > log (ﬁ> (10) P (13)
Y <0 1- Py

yi >0 K 9 My [ My K ©
logA1 = — h = h
Eq. (10) is precisely the decision statistic of the optimun?g ! Z < 27r0> <n£[0 k ) v ; i Y

fusion rule derived in [10]. We notice that the high channel k;l
SNR approximation for the multi-hop case is the same as , 2 Z h(c)yk (17)
the one derived in [6] for the single hop case. Intuitivety, a - k

2



where the composite channel envelodegf) = 20 -2

= e 202
My —1 R M 2m(1 + 202
[Hmio (\/Lﬁ;)]hk’“ V2r(1 +202) 2
A4 is similar to the MRC statistic derived as a low SNR « [1 + (pd(C) — Q(ryn)) /QMyne“"yz’” ]
approximation for the single hop case in [6], except that the "

weighting function is the composite channel envelbﬁfé,

SO . ) ) Similarly,
which involves the product of weighted SNRs (with weight y
\/%) of all the hops except the Ia§t hop. Sing%r < 1, nlHy) = 2% e‘zy_;f
the fusion rule using\, deemphasizes those sensors with(Un|Ho) = V2r(1 + 202)
more hops in the low SNR regime. on)?

X [1 + (P;fl) — Q(ryn))V2mryne 2 ]
5 Fusion rules with known channel fading
statistics Thus:

In this section, we derive the optimum LR-based fusion rule _ fly|Hy)
assuming that only channel fading statistics are available “*2 f(y|Ho)

That is, we know the pdf of the Rayleigh fading channels N ©) um)?
but have no knowledge of the instantaneous channel gains. _ H 1+ [Py, — Q(ryn)]V2mryne ™3 _(20)
We also give two alternatives to this optimum LR-based fu- 1+ [p;‘;) — Q(ryn)|V27ryne (rup)
sion rule for the low and high channel SNR cases.
Q.E.D.

5.1 The optimum LR-based fusion rule with

known channel fading statistics We notice that the optimum fusion rules based on (7) and

(18) have a similar form as the ones derived in [6] and [7]
DenoteA, as the LR that corresponds to the case when orflyr the single hop case. The difference is that instead of us-
channel fading statistics are known. As in Sec. 4?11,2{’“ ing local performance indicé%;, and Py, we use the com-
and sz‘g"’ can be recursively determined as in the secompwsite local performance indicdﬁf,? and P;Z) which are
part of Appendix A. Then using Egs. (8,9), we can detefunctions of local performance indices and channel SNRs
mineP;Z) andPJEZ). The following theorem gives the formcorresponding to the relay links.
of A,. The optimum fusion rulé\, as in (18) for known chan-
nel fading statistics requires knowledge of the composite
Theorem 2 The LR with known channel fading statisticsocal performance indices, which involve the number of re-
and composite local performance indices for a multi-hogys for each local sensor and channel parameters. Next, we
WSN is: derive several suboptimum fusion rules that alleviate ¢he r
guirement ofa priori information.

Ty 2
ha = T LR ~ QUry ) Irryee
2 = X . . .
=R [Pﬁ) _ Q(ryk)]ﬁ/_gmyke“”;’z 5.2 Suboptimum fusion rules with known
channel fading statistics
_ 1 N i
\I:)vh(_arerf— 0_\/1+2?2 and%( )d'SGthe cgmplen;entary qlztlr' Again, we start by considering the low and high channel
ution function of a standard Gaussian random variable. g\ g approximations of the optimum LR fusion rule.
Proof: At high SNR, P? and PJEZ) with known channel fad-
Similar to the result in [7], we have: ing statistics for a multi-hop WSN can be approximated as:
o , P Iz Py, andP}Z) ~ Pyy. This leads to the following
M, _ — — 55 result.
nu, " =1, H = —————e€ 27 X
r () Proposition 3 In the high SNR case, the LLR with known
14+ Q(—ryn)V2rryse 2 ] channel fading statistics for a multi-hop WSN approaches
- 5 ) the Chair-Varshney fusion rule:
g Yn
Flynlul = =1,H) = ————e 2" x
" v/ 1— Py Py,
¥ 2 (1 +20%) log As =~ Z log <1 Pdk> + Z log (P—dk> (21)
ryn)? - k k
1= Q(ryn)V2rryne % k<0 f >0 f
T This high channel SNR approximation with known channel
ro= T (19X¥ading statistics for the multi-hop case is the same asthat i
£/ 2
ovl+20 Sec. 4 for the known channel envelope case.
Then: Next, we will give the low SNR approximation af,.

FlynlHy) = D f(ynlu)™, Hi)P(u)"|Hy) Lemma 2 At low SNRP!? andPJEZ) with known channel
uM fading statistics for a multi-hop WSN can be approximated



as up to 3. In all the following figures, ER” corresponds to
the optimum fusion rulé; when complete channel knowl-

Pé,‘;) ~ % + #M( ik — %) (22) edge is available;E R with channel statistics” corresponds
(V20) M to the optimum fusion ruld, assuming only knowing the
1 1 1 it « ” . .
PO~ = 4 Per — = 23) Channelstatistics, and “MRC" refers to the MRC-like statis
N (ﬁU)M’“( ) @3) tic Ay.

Figs. 3- 5 present the receiver operating characteristic

(ROC) curves at 5dB channel SNR with the number of hops

Given the low SNR approximation of the composite perfogs 1, 2, and 3, respectively. The optimum LR-based fusion
mance indices, we have rule (A;) when complete channel knowledge is available

Proposition 4 At low SNR, the LLR with known Channegives the uniformly most powerful detection performance;

; I ; ; fading statistic based LR fusion ruls( gives slightly
f f lti-hop WSN € 2
ading statistics for a multi-hop WSN can be approxmat%@orse performance thaky . We notice that the EGC statis-

as: tic A5 performs better than the MRC-like statist\q and
K he Chair-Varshney rule at 5 dB while requiring the least
V2m(par — Pri)r t Y q g
log Ay~ Yy ((\p/d; )Mkfk) Yk (24)  amount of prior information.
k=1 7 Figs. 6- 8 show the curves for the probability of detection

If all the sensors have the same local performance, and fv S @ function of channel SNR for various fusion rules

neglect any constant term that does not affect detection p§fth the number of hops of 1, 2, and 3, respectively. We
formance. then use a constant system false alarm rat®gf = 0.01. We

see that at low SNR and high SNR, the MRC-like statis-

K 1 A tic A4 and the Chair-Varshney rule can approach the op-
logAs =~ Z Wyk=1\5 (25) timum LR fusion ruleA;, respectively; while EGC and
k=1 (V20) Chair-Varshney statistic can approach the optimum LR fu-

. . . sion rule A, at low and high SNR, respectively. We also
The suboptimum fusion rule based on (25) again deemp0 %erve th2at at high SNRgthe MRC stgtist'rb,s gerforms

sizes those sensors with more hops because of the wel ) .
b r%uch worse than the other alternatives. An intuitive ex-

1 S . :
factor (V20) M whichis < 1in the low SNR regime (large planation is that at high SNR, because of the hop depen-

a?). dent weight functiorh, those sensors with more hops are
If all the sensors also have the same number of relaysen more weight. In other words, those sensors with less
i.e., My are the same, then, hops are deemphasized because of the unequal weight func-
% tion. Yet we know that at high SNR all the relay links tend
loghs ~ a Z Ui (26) to give reliable estimation hence applying unequal weights
P provides worse performance. Further, EGC schampro-

vides better performance than the MRC-like statitiand

V2n(Py—Py)r the Chair-Varshney rule over the moderate SNR range.

with a = Vi) which is a constant.

Notice that (26) is analogous to the EGC statistic. Since
the constant does not affect detection performance, 7 Conclusions

1 K In this paper, we have designed fusion rules for binary de-

log Ay ~ E 2A 27 isi i i i i
0g 2 ¥ 2~ Yr=~25 (27)  cisions transmitted over multi-hop wireless channels with
k=1 Rayleigh fading and additive Gaussian noise. We derived

This EGC form of the low SNR approximation of the fusio® OPtimum LR-based fusion rule for two cases: with
rule for the multi-hop case is similar to that obtained in [7§0MPlete channel knowledge and with the knowledge of
for the single hop case . Channel fading statistics. For both cases we showed that

the Chair-Varshney fusion rule approaches the optimum
LR fusion rule at high channel SNR, while at low chan-
nel SNR the two LR fusion rules reduce to different forms
In this section, we compare the performance of the fusiof weighted sums of the fading channel outputs. Both

6 Simulation results

rules proposed in Secs. 4 and 5 using simulation. low SNR suboptimum fusion rules deemphasize those sen-
For ease of SNR calculation we assume that all tlsers with more hops. Specifically, with complete chan-
channels have Rayleigh fading statistics wif(h%)?] = nel knowledge, low channel SNR approximation leads to

1,k = 1,2,..,.K,i = 0,1,..., My . Binary decisions a MRC-like scheme and the weight function is a product of
ui € {+1,-1},k=1,2,..,K,i =0,1,..., M}, are made all the link SNRs along the relay path. With known chan-
at the local sensors and the relay nodes. We also assurakfading statistics, the weight involves local performman
that all the local sensors have identical performance @glidndices and channel parameters. Under certain conditions,
P; and Py, and the same number of hops. Specifically, wiiis low channel SNR approximation is equivalent to a sim-
setP; = 0.05 and P; = 0.5 with the total number of local ple EGC form. Furthermore, we demonstrated that EGC
sensors K equal to 8. Here we consider the number of hapgperforms the MRC-like scheme and the Chair-Varshney
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My, My, pMj,—1
Pt = PURPLt

+(1 - PM)(1 - Pl

PQI‘,;I’“ can be similarly recursively determined. In fact, P /Ppa

because each hop can be viewed as a binary symmetric

channel, we can show th&* =1 — P\*. Sensor 1

2. Given the assumption of known channel fading statis-
tics, we have

1

1

Pl = 4
1k 2 " 2V + 202

1

2

(30)

. 1
Pl = 4 31
k 21 + 202 (31)

Relay 1
Then, based on Egs. (30, 30), we can recursively de- E
termineP}’*.

PJ* can be obtained in a similar fashion. Alterna-
tively, we still haveP,* = 1 — P\
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